scale to determine aggregation-driven differences in mean yields and temporal patterns as measures 23 of uncertainty. 24
The quantity and spatial patterns of harvested areas differ for individual crops among the four data 25 sets applied for the aggregation. Also simulated spatial yield patterns differ among the 14 models. 26
These differences in harvested areas and simulated yield patterns lead to differences in aggregated 27 productivity estimates, both in mean yield and in the temporal dynamics. 28
Among the four investigated crops, wheat yield (17% relative difference) is most affected by the 29 uncertainty introduced by the aggregation at the global scale. The correlation of temporal patterns of 30 global aggregated yield time series can be as low as for soybean (r=0.28). 31
For the majority of countries, mean relative differences of nationally aggregated yields account for 32 categorized in the GGCMI project as Priority 1 crops, because of their importance as agricultural 94 commodity in terms of their global harvested area covered, production amount, level of trade, and 95 direct or indirect contribution to human diet. 96
The participating models cover a broad range of model types and of implemented processes. Their 97 basic characteristics and key literature references are listed in Table 1 For the crop growth simulations initial conditions of soil water, minerals, crop residues, and soil 101 organic matter were derived by applying different soil input data and spin-up runs individual to each 102 of the modeling groups (SI Appendix Table A.3). Modelers were asked to model all crops wherever a 103
given crop can grow and at least on all current agricultural land. The GGCMI project distinguishes 104 three levels of model harmonization with respect to agricultural management. We here used the 105 simulations of the "default" model configuration if available, where every modeling team used their 106 own assumptions on agricultural management (varieties, growing season, fertilizer etc.). The EPIC-107 TAMU model was run at the global scale for the first time and ORCHIDEE-crop never globally 108 simulated soybean before and thus could not provide a "default" simulation. These teams used the 109 global input data on sowing and maturity dates, and fertilizer data provided within the context of the 110 GGCMI project for a rather harmonized simulation, so that for this study their "fullharm" model 111 configuration was used. The modeling teams reported two separate yield time series per 112 configuration type -one assuming rainfed and the other fully irrigated production conditions 113 everywhere. The irrigated crop growth simulations were run assuming unlimited water supply 114 without conveyance or application losses. 115
As a second step we used crop yield simulations of seven models for the same four crop types of the 116
Intersectoral Impact Model Intercomparison (ISI-MIP) and The Agricultural Model Intercomparison 117
and Improvement Project (AgMIP) fast track (Rosenzweig et al., 2014) obtained from the open-access 118 impact model data archive of ISI-MIP (http://esg.pik-potsdam.de/). These models were driven by 119 output data from five climate models here for the RCP 8.5 pathway, including the suite of processes 120 related to "CO 2 -fertilization" for the future period 2070-2099 (modified carboxylation, and in some 121 models reduced stomatal closure). Note that the seven models: EPIC-BOKU (in ISI-MIP/AgMIP fast 122 track refer to the name "EPIC"), GEPIC, GAEZ-IMAGE, LPJ-GUESS, LPJmL, pDSSAT, PEGASUS which 123 took part in the ISI-MIP/AgMIP fast track, also participated in this GGCMI phase 1 study (model 124 details are listed in SI Appendix Tables A.1-5), except the GAEZ-IMAGE model. 125
Crop masks 126
Four crop masks were used to aggregate simulated gridded yields: MIRCA2000 (Portmann et al., 127 2010), Iizumi (Iizumi et al., 2014) , Ray , and SPAM2005 (You et al., 2014) . Data 128 sources and main characteristics of the original cropping system data sets were summarized in Table  129 2. 130 To derive the productivity (t/ha) per year and aggregation unit, each rainfed yield, simulated by the 175 models in a corresponding grid cell, is multiplied with the rainfed harvested area. The same 176 procedure was carried out for the irrigated yields. Then the sum of all rainfed and irrigated 177 production is divided by the total sum of harvested area reported by the individual data sets of that 178 spatial aggregation unit, resulting in the aggregated mean yield (t/ha) per year and aggregation unit. 179
Grid cells were assigned to countries according to the boundary information of Global Administrative 180
Areas (GADM-0, http://gadm.org/), assigning grid cells to the country that has the largest area share 181 in that grid cell. Here we used information on crop specific harvested areas, which can be larger than 182 the physical cropland extent in multiple cropping systems with several harvests per year, which was 183 accounted for in the harvested area data sets. The GGCMs simulated only a single growing period per 184 grid cell, which we assume to be representative for the different growing periods due to current 185 state of implementation of cropping management systems in the models. When accounting for differences in total crop area, e.g. when looking at differences in production (t) 216 rather than in productivity (t/ha), the relative differences between country scale aggregations are 217 even stronger ( In the case of rice productivity (Table 5) 
270
For soybean several countries show large relative differences attributed to the crop mask and the 271 modelled yield patterns across the country. For soybean in Bolivia the relative difference between 272 the Ray and the SPAM-based aggregation reach 427%, for Paraguay 82% between Iizumi-and SPAM-273 based aggregations, followed by India with 48% relative yield difference between the Ray-and the 274 SPAM-based aggregation. China and the United States show the lower sensitivity to the crop mask 275 applied with ranging around 10% relative difference between the different aggregated yield sets. 276
Although soybean yields of Brazil show relatively low sensitivity to the aggregation mask effects with 277 23% as maximum relative difference, but the correlation coefficient of r=0.07 between the Ray-to 278 SPAM-based aggregation is very low, displaying little agreement in temporal pattern between the 279 time series. Temporal dynamics of soybean productivity in Uruguay, Canada, and India are greatly 280 affected by the aggregation mask and can reach even negative correlation coefficients. 281 Table 6 : Lowest and highest values of mean relative difference (%) and the lowest correlation 282 coefficient (r) between the aggregated soybean yield time series (t/ha) calculated from 13 models, 283 during the AgMERRA time period, aggregated for the top-10 producer countries with one harvested 284 area data set in relation to the aggregation with each of the other three masks (see more detailed 285 results for all countries in SI Appendix The differences due to aggregation can become exceptionally high in countries with pronounced 288 differences in crop-specific harvested area information (SI Appendix Tables G.1-2) and where GGCMs 289 simulate heterogeneous yield patterns, as reflecting strong gradients in climatic conditions or crop 290 management practices. Strong yield gradients between grid cells within a country can also derive 291 from model-specific calibration processes of e.g. simulated yields to observations of field 292 experiments or country-specific reference data sets (SI Appendix Table A.5). The effect of calibration 293 may even increase the aggregation uncertainty, which is exemplified by maize yield aggregations in 294 Egypt (Fig. 4, SI Appendix Fig. E.1) . In Egypt almost the entire maize production is irrigated. In Fig.4  295 we show GGCM simulations of four different models. PEGASUS and PRYSBI2 simulate very 296 heterogeneous yield patterns, whereas pDSSAT assumes more homogeneous and LPJmL simulates 297 very homogeneous yield patterns, assuming national uniform crop production intensities. 298 {Placeholder figure 4} 299
In the case of model PRYSBI2, the only area with higher yields is around Port Said, for which only the 300 Iizumi crop mask reports some larger harvested area for maize (Fig. 4 , SI Appendix G.1-2). PRYSBI2 301 calibrates several parameters (more details in SI Appendix Table A show larger discrepancies between the aggregated yield sets. At the national scale, these regional 322 discrepancies do not show, as the national aggregated productivity is numerically dominated by the 323 major production areas, which show little sensitivity to the choice of the aggregation mask (SI 324
Appendix Fig. F.3 ) 325
Assuming static crop masks in the assessments of climate change impacts on agricultural productivity 326 can also strongly affect the projected impact on crop yields. We demonstrate this by aggregating the 327 
Discussion 357
We find that differences in crop masks affect not only the mean bias of aggregated yield time series 358 but also the temporal dynamics, resulting in low or even negative correlations between the 359 differently aggregated time series (Tables 3-6 , and D.1-8 in the SI Appendix). This is of particular 360 concern, as model skill is often determined by comparing temporal dynamics rather than mean 361 yields. Large difference between aggregated yield time series occur, when areas suitable for crop 362 growth (determined by the individual model) are combined with a large harvested area reported by 363 one mask but rather little by another (Fig. 4, (Table 2) . When applying publicly available statistics for down-scaling data to a grid cell (as the 371 authors did to produce the harvested area data sets) its accuracy is also limited by the fact, that the 372 historical development of states cannot be well reflected in a timely manner. Also, we assume that 373 each grid cell always belongs to a single country, whereas often the simulated grid cell level results 374 would need to be attributed as fractions to multiple countries. However, since we treat this 375 consistently across the different crop mask data sets used, we consider the resulting error as not 376 relevant in the comparison of the different crop masks in the aggregation process. 377
The spatial patterns of crop-specific harvested areas as provided by the four data sets here used for 378 aggregation, and the information on where irrigation is applied for these crops is central to large-379 scale crop modeling. The crop-modelling community requires more complex and updated data on 380 the spatial and temporal dynamics of agricultural production systems. The Ray data set is the only 381 crop mask that is dynamic in time and it also is typically the aggregation mask that shows the largest 382 differences in the temporal dynamics between the aggregated yield time series (low correlation 383 coefficients). We conclude that each of the four harvested area data sets has its unique features and 384 none can be identified as particularly superior by our study. 
Conclusions 400
This study shows quantitative differences between the aggregated gridded yield time series revealing 401 the uncertainty induced by the aggregation applying differing harvested area data sets. The effects of 402 aggregation uncertainty are the shift of the multi-annual mean national yield and an influence on the 403 variability over time, depending on the heterogeneity of simulated yield patterns by the models and 404 the differences between crop masks. This uncertainty is already significant in global aggregations of 405 grid cell scale yield simulations and can be very large for some aggregation-unit-crop-model-year 406 combinations. Aggregation uncertainty of gridded yields becomes even more important when taking 407 into account production instead of productivity. For projections of future agricultural production, this 408 aggregation uncertainty will likely be small compared to given uncertainties in future climate change, 409 adaptation options, and capacities. The potentially large differences between different aggregations 410 for individual countries or regions will have to be considered in future model evaluations and also in 411 future crop yield projections. This requires considerable investment for building a transparent 412 method for aggregation. The study also illustrates the need to transition from assuming static 413 harvested areas towards dynamic projections that account for spatial shifts in crop distribution and 414 production induced by changes in social and environmental conditions. 415 
